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Research Background

Emotional support - Act of providing care and understanding
to help someone cope with difficult feelings/situation

Research Objective

To investigate how emotional validation is expressed and timed
across languages, in order to improve cross-lingual support
systems and reduce inequities caused by language barriers In

Conventional empathetic responses often fall short for individuals who _ _ _
emotional support communication

suppress emotions due to stress or adverse life experiences
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Dataset Construction Validating Response Identification
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Human evaluation using random 100 samples for each language:
— 85% Matched (Cohen’s K = 0.752, substantial agreement)
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Utilize XLM-RoBERTa model for further automatic annotation

Objective Evaluation (COMETKiwi):
— 0.847 for utterance, 0.848 for response
Human Evaluation (Accuracy, Contextual Consistency, Emotional

Consistency, Fluency and Readability, Cultural Appropriateness) :
— 5.63/7 (IAA=0.344, fair agreement)

Valldatlon Timing Detection
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— 72% Matched (Cohen’s K = 0.490, fair agreement)

Model
Utterance

Text

Yeah they must practice a lot. I would be
afraid of getting trampled

Me too, that would be terrible.

I can understand that. I would feel the same
way.

That makes sense, it’s understandable to
feel worried about that.

Validating Response Generation

EmoValidBench - evaluate LLM’s ability in validating response generation

Semantics

BERTRe.

Case Study,
Conclusion &
Future Work

— Formalize Emotional Validation task in dialogue system

— Construct M-EDESConv & M-TESC dataset

— Propose MEGUMI for validation timing detection in multilingual
settings

— Propose EmoValidBench to evaluate LLM’s ability in such domain
— Implement the model in conversational robots for real-life
interaction to reduce emotional burdens of the user
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Human Evaluation (Naturalness, Contextual Understanding, Emotional Understanding,
Non-judgemental Tone, Mindful Presence, Perceived Validation) :

— Ground Truth 5.77/7 (IAA =0.41), LLama 5.21/7 (IAA = 0.45), GPT 5.57/7 (IAA =0.32)

— Comparable: Naturalness, Contextual Understanding, Non-judgemental Tone

— Room for Improvement: Emotional Understanding, Mindful Presence, Perceived Validation




